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Supplementary Figures and Tables
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Fig. S1. Performance of mobility-based spatial sampling approaches in detecting COVID-19 affected communities and cases at varying sample sizes. Four mobility-based spatial sampling approaches (HCI - human contact intensity; HFI - human flow intensity; CFI - case flow intensity; CTI - case transmission intensity) and an epidemiological model (SEIR) were evaluated. Communities with high infection risk () were sampled by ranking community-level  from high to low, excluding the simple random sampling (SRS) method. The x-axis in a and c represents the proportion of sampled communities over the total number of communities in Guangzhou and Beijing, respectively. In b and d, the x-axis denotes the fraction of sampled populations among the total populations. The y-axis in a and c represents the proportion of affected communities sampled over the total communities with COVID-19 cases in Guangzhou and Beijing. In b and d, the y-axis displays the proportion of cases detected by different sampling approaches among the total cases. The percentage in the legend indicates the area under each curve, reflecting the average performance of each sampling approach with different sample sizes. The black dot at the upper right corner of each panel represents citywide screening for the entire population, assuming the test can detect all infected people in the city. Shaded regions denote 95% confidence intervals.
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Fig. S2. Average performance of case flow intensity (CFI) and case transmission intensity (CTI) sampling in identifying affected communities/cases in Guangzhou and Beijing under various outbreak and data scenarios. The x-axis represents the ratio of affected communities under simulated scenarios over the total communities in a city. The average accuracy of CFI and CTI for identifying affected communities/cases was reduced by increasing the geographic extent of epidemic transmissions across communities within a city.

[bookmark: _Hlk125835051][image: ]
Fig. S3. Performance of mobility-based spatial sampling in simulated outbreaks under the exchange of mobility patterns between Guangzhou and Beijing. Outbreaks were generated using a travel network-based epidemiological model based on simulated inter-community population flow data. a. Proportion of the cumulative number of distinct communities that individuals from a particular community visited within a single day, computed based on actual population flow data in the two cities. b. Human mobility pattern in Guangzhou created in terms of Beijing’s real-world mobility characteristics. c. Simulated mobility pattern in Beijing according to Guangzhou’s actual mobility characteristics. Directed lines represent inter-community origin-destination travel networks on 21-22 May 2021 in Guangzhou and 11-12 June 2020 in Beijing, respectively. The color and width of an edge depict the volume of an inter-community flow. Based on simulated epidemics under two basic reproduction numbers (R0) types, two optimized mobility-based spatial sampling approaches (CFI - case flow intensity and CTI - case transmission intensity) were assessed. The x-axis in d and e presents the fraction of sampled populations among the total populations in a city, and the y-axis shows the proportion of cases detected by different sampling approaches. The diagonal line in each panel denotes the performance of simple random sampling. Shaded regions represent the 95% confidence intervals.
[bookmark: _Hlk125646755][image: ]
Fig. S4. Performance of mobility-based spatial sampling in simulated outbreaks under various levels of population mobility in Guangzhou and Beijing. Outbreaks were generated using a travel network-based epidemiological model based on simulated inter-community flow data. The levels of population mobility changed for the top 20% of real-world inter-community flows within a city, and the change rates were 0%, 50%, 150%, and 200%, respectively. Based on simulated epidemics with R0 equal to 4.9 in Guangzhou and 3.32 in Beijing, two optimized mobility-based spatial sampling approaches (CFI - case flow intensity and CTI - case transmission intensity) were assessed. The x-axis represents the fraction of sampled populations among the total population in a city, and the y-axis shows the proportion of cases detected by different sampling approaches. The diagonal line in each panel denotes the performance of simple random sampling, and shaded regions represent the 95% confidence intervals.

[bookmark: _Hlk125646764][image: ]
Fig. S5. Performance of mobility-based spatial sampling in simulated outbreaks under various epidemiological parameter combinations. Outbreaks were simulated using a travel network-based epidemiological model based on daily parameters. The parameters were randomly selected per day from a given range: basic reproduction numbers (R0) changing daily from 1.4 to 6.5, the incubation period was between 4.1 and 7, and the infectious period generated by mean and variance. Based on simulated epidemics with random parameter combinations, two optimized mobility-based spatial sampling approaches (CFI - case flow intensity and CTI - case transmission intensity) were assessed. The x-axis in a and b represents the fraction of sampled populations among the total population in Guangzhou and Beijing, respectively, and the y-axis shows the proportion of cases detected by different sampling approaches. The diagonal line in each panel denotes the performance of the simple random sampling, and shaded regions represent the 95% confidence intervals. 
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Fig. S6. Estimated epidemic curves using the constructed SEIR model and reported curves for the read-world COVID-19 outbreak in Guangzhou and Beijing. a and c are the estimated number of daily new cases in the two cities, and b and d are the cumulative numbers of daily cases. Estimated transmissions are presented as the mean (solid blue lines) and IQR (shading) of 500 simulations. Red lines denote reported transmissions during the outbreak in Guangzhou and Beijing, and yellow dotted lines are the day the first case was reported. The report date was determined according to the infection date and time lags from being infected to reported.
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Fig. S7. Sensitivity of estimates of the real-world COVID-19 outbreak in Guangzhou and Beijing for various values of R0. All other parameters and input data were the same as the baseline model with R0=4.9 in Guangzhou and R0=3.32 in Beijing. Colored lines represent estimated curves for various values of R0. Estimated epidemic curves from the constructed SEIR were sensitive to the R0, where the peaks of epidemics were higher and later under a higher R0 value.


[bookmark: OLE_LINK1][bookmark: OLE_LINK2]Table S1. Number of cases in each affected community during COVID-19 outbreaks in Guangzhou and Beijing. There were 152 cases in 16 communities of Guangzhou and 368 cases in 52 communities of Beijing, respectively.
	Community name
	Number of cases
	Community name
	Number of cases

	Guangzhou (21 May–18 June 2021)

	Baihedong Subdistrict
	91
	Longjin Subdistrict
	2

	Zhongnan Subdistrict
	29
	Taihe Town
	1

	Zhujiang Subdistrict
	10
	Changgang Subdistrict
	1

	Ruibao Subdistrict
	4
	Haichuang Subdistrict
	1

	Dongjiao Subdistrict
	3
	Nanhuaxi Subdistrict
	1

	Dashi Subdistrict
	2
	Beijing Subdistrict
	1

	Luopu Subdistrict
	2
	Dongsha Subdistrict
	1

	Yongping Subdistrict
	2
	Chongkou Subdistrict
	1

	Beijing (11 June–5 July 2020)

	Huaxiang Area
	192
	Changxindian town
	1

	Xihongmen Area
	25
	Changxindian Subdistrict
	1

	Xincun Subdistrict
	21
	Yuetan Subdistrict
	1

	Huangcun Area
	17
	Youanmen Subdistrict
	1

	Yongdinglu Subdistrict
	10
	Yongdingmenwai Subdistrict
	1

	Qingyuan Subdistrict
	9
	Yizhuang Area
	1

	Lugouqiao Area
	8
	Xingfeng Subdistrict
	1

	Majiabao Subdistrict
	7
	Xiaohongmen Area
	1

	Tiancunlu Subdistrict
	6
	Wanshoulu Subdistrict
	1

	Nanyuan Subdistrict
	6
	Tiantan Subdistrict
	1

	Changyang town
	4
	Taipingqiao Subdistrict
	1

	Qingyundian town
	4
	Sijiqing Area
	1

	Xiluoyuan Subdistrict
	3
	Shibalidian Area
	1

	Weishanzhuang town
	3
	Qinglongqiao Subdistrict
	1

	Nanyuan Area
	3
	Panggezhuang town
	1

	Lugouqiao Subdistrict
	3
	Lixian town
	1

	Dahongmen Subdistrict
	3
	Jiugong Area
	1

	Zhanlan Road Subdistrict
	2
	Jinrong Street Subdistrict
	1

	Yongding Area
	2
	Huilongguan Area
	1

	Tiangongyuan Subdistrict
	2
	Hepingli Subdistrict
	1

	Linxiao Road Subdistrict
	2
	Guang'anmenwai Subdistrict
	1

	Guanyinsi Subdistrict
	2
	Guang'anmennei Subdistrict
	1

	Fengtai Subdistrict
	2
	Beizangcun town
	1

	Beiyuan Subdistrict
	2
	Balizhuang Subdistrict
	1

	Beixinqiao Subdistrict
	2
	Babaoshan Subdistrict
	1

	Baizhifang Subdistrict
	2
	Anding town
	1
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Table S2. Average performance of mobility-based sampling under various outbreak and data scenarios in Guangzhou and Beijing. Simulated data of different outbreak scenarios were generated by the constructed epidemiological model in both cities. Five types of scenarios were considered for each city, involving three basic reproduction numbers (R0), outbreaks beginning in high or low population-density communities, and two intervention timings. For each type, the size of the outbreak source was set to one/two/three communities. For example, the first row denotes randomly selecting one source community in Guangzhou where the communities with higher population density are more likely to be selected, with an R0 of 4.9 and the actual timing of non-pharmacological interventions. For each outbreak scenario, 30 simulations were repeated to test 30 random locations, and the table provides details on the proportion of estimated communities with infections (affected communities) and the performances of two mobility-based sampling approaches in detecting affected communities and cases for the mean of many random simulations.
	City
	Scenario
	
	Simulated transmission
	
	Average performance of sampling approach (%)

	
	Population density of source communities
	Intervention timing
	R0
	Number of source communities
	
	Average proportion of affected communities (%)
	
	Case detection
	Affected community detection

	
	
	
	
	
	
	
	
	CFI
	CTI
	CFI
	CTI

	Guangzhou
	High
	Actual
	4.9
	1
	
	21.1 
	
	79.8
	66.2
	84.3
	67.6

	
	
	
	
	2
	
	51
	
	68.5
	57.5
	71.6
	59.4

	
	
	
	
	3
	
	68.6 
	
	60.2
	48.4
	63.2
	52.6

	
	Low
	Actual
	4.9
	1
	
	14.3 
	
	88.8
	79.1
	89
	83.7

	
	
	
	
	2
	
	36.5 
	
	78.4
	70.7
	77.7
	74

	
	
	
	
	3
	
	48.9 
	
	72.8
	66.5
	72
	68.4

	
	High
	Actual
	3.32
	1
	
	9.6 
	
	83.3
	67.1
	88.4
	67.9

	
	
	
	
	2
	
	28.5 
	
	73
	58.8
	79.8
	63.9

	
	
	
	
	3
	
	55.8 
	
	62
	50.7
	68.2
	55.8

	
	High
	Actual
	9.5
	1
	
	76
	
	60.4
	45.7
	58.3
	48.3

	
	
	
	
	2
	
	94.2 
	
	55.4
	46.5
	52.8
	49.6

	
	
	
	
	3
	
	94.6 
	
	55.1
	46.3
	52.6
	49.8

	
	High
	One week delay
	4.9
	1
	
	65
	
	52.5
	46.6
	61.5
	58.1

	
	
	
	
	2
	
	87.7 
	
	55.9
	47.3
	55.2
	52.9

	
	
	
	
	3
	
	92.7 
	
	51.4
	45.5
	53.5
	49.9

	Beijing
	High
	Actual timing
	3.32
	1
	
	3
	
	98.3
	98.2
	94.5
	93.5

	
	
	
	
	2
	
	7
	
	97.5
	97.4
	91.3
	90.8

	
	
	
	
	3
	
	15.6
	
	94.6
	94.3
	86.7
	86.4

	
	Low
	Actual timing
	3.32
	1
	
	2.2
	
	99.7
	99.6
	98
	97.4

	
	
	
	
	2
	
	4.1 
	
	99.8
	99.6
	96.5
	95.8

	
	
	
	
	3
	
	6.5 
	
	99.6
	99.4
	94.8
	93.9

	
	High
	Actual timing
	4.9
	1
	
	5.9 
	
	97.4
	97.3
	91.3
	90.2

	
	
	
	
	2
	
	12.6 
	
	96.8
	96.5
	88.4
	88

	
	
	
	
	3
	
	18.9 
	
	95.7
	95.4
	85.9
	85.7

	
	High
	Actual timing
	9.5
	1
	
	31.2 
	
	95.1
	94.8
	81.7
	80.7

	
	
	
	
	2
	
	46.3 
	
	93.7
	93.2
	75.4
	75.2

	
	
	
	
	3
	
	55.7
	
	92
	91.1
	71.5
	71.4

	
	High
	One week delay
	3.32
	1
	
	15.3
	
	93.8
	93.5
	85.6
	83.9

	
	
	
	
	2
	
	24.2 
	
	93.8
	93.4
	83
	81.5

	
	
	
	
	3
	
	32.9 
	
	92.3
	92
	79.2
	78.9


Abbreviations: R0 - basic reproduction number; CFI - case flow intensity; CTI - case transmission intensity.


Table S3. Simulated transmission in Guangzhou and Beijing under various outbreak scenarios using spatial sampling approaches. Spatial multiple rounds of mass testing were realized using spatial sampling and incorporated into the travel network-based epidemiological model (Supplementary Note 4). The disease transmission under various sampling approaches and outbreak scenarios, was simulated using the epidemiological model. The baseline approach of multi-round mass testing represented that daily testing resources were equally allocated to all communities within a city. However, SRS/CFI/CTI sampled a given number of communities per day and allocated more resources to sampled communities compared with those not sampled. Outbreaks under different settings were tested: basic reproduction numbers (R0) of original SARS-CoV-2, Delta, and Omicron variants, and the timing of interventions. On average, the proportion of affected communities over the total communities of a city and the ratio of cumulative cases using the spatial sampling to the cases using the baseline approach, were used to depict the simulated transmission.
	City
	Scenario
	
	Simulated transmission

	
	R0
	Intervention timing
	
	Average proportion of affected communities (%)
	
	Ratio of cases using the spatial sampling to cases using the baseline (%)

	
	
	
	
	Baseline
	SRS
	CFI
	CTI
	
	Baseline
	SRS
	CFI
	CTI

	Guangzhou
	4.9
	Actual
	
	37.3
	32.4
	26
	31.8
	
	100
	90.6
	80.7
	86.1

	
	9.5
	
	
	71.3
	65.4
	62.8
	67.1
	
	100
	87.1
	72.2
	83.2

	
	4.9
	One-week delay
	
	68.1
	64.8
	63.2
	65.8
	
	100
	92.6
	87.7
	89.9

	
	9.5
	
	
	94.3
	93.2
	93.7
	92.5
	
	100
	89.9
	80
	83.8

	Beijing
	3.32
	Actual
	
	5.4
	4.6
	4.3
	4.3
	
	100
	88.1
	81.3
	80.7

	
	9.5
	
	
	28
	22.9
	18.9
	20.2
	
	100
	77.4
	56.2
	58.1

	
	3.32
	One-week delay
	
	5.1
	4.5
	3.8
	3.8
	
	100
	89.2
	82.6
	81.4

	
	9.5
	
	
	54.8
	48.5
	39.8
	41.6
	
	100
	77.1
	50.7
	51.5


[bookmark: _lvwz549m3hv6][bookmark: _cdmlwx2qcczw][bookmark: _xbqnrw1g1hsl][bookmark: _9c6ponte6zkh][bookmark: _un13pwacqlq4]Abbreviations: R0 - basic reproduction number; SRS - simple random sampling; CFI - case flow intensity; CTI - case transmission intensity.
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Supplementary Texts
Text S1: Mobile phone signaling and POI data
[bookmark: _17dp8vu][bookmark: _Hlk114734066]At the tower level, CSD was recorded when users made phone calls, sent messages, turned devices on/off, switched towers, etc. The data was aggregated to capture the movement of people between communities based on all users' mobile phone activity records throughout Beijing from 11 to 12 June 2020 and Guangzhou from 21 to 22 May 2021, respectively, during the early stage of COVID-19 outbreaks and before the implementation of travel restrictions across cities. Specifically, the data at the community level contains hourly origin-destination flow metrics. Users who stayed in a community for less than 15 minutes were filtered out to exclude people who only briefly passed by the community. The operator recorded the movement such that at a given hour, if a user was observed at communities A→B→C for more than 15 minutes, respectively, then A→B and B→C were counted. All mobile phone activity records were processed anonymously and aggregately, and it is impossible to identify or filter certain groups’ flows. Thus, the population flow presented in this study provides hourly and inter-regional flows of the general population and cannot be analyzed for individuals’ tracking.
The data in Beijing also contained hourly counts of the number of people who have been in a community (staying population). The user was counted if a user-generated CSD at the towers in the same community for 60 minutes. The comparison of the average hourly staying population during the night from 10 p.m. to 6 a.m. with the population extracted from WorldPop at communities in Beijing (Fig. S8), showed the high consistency between the staying population and WorldPop-extracted population. For example, the staying population accounted for nearly 68% (equal to the proportion of mobile customers) of the WorldPop-extracted population. The staying population had a 0.82 Pearson correlation with the WorldPop-extracted population, and the difference between the two types of populations was less than 50,000 persons in 81% of the communities.
[bookmark: _20esco9tf8g3]A Point of Interest (POI) is a specific point location, or useful site, defined mainly by its geographical coordinates (longitude and latitude). It refers to a place or destination of potential interest and can be a tourist attraction, a hotel, a restaurant, an ATM, a pharmacy, a medical center, a store, a gas station, or any other category used in modern car navigation systems (https://www.korem.com/dictionary/point-of-interest-poi/). POI data obtained from the AMap Services used for the study contained six main core fields: POI name, multilevel categories, address, coordinate location, and district name. The AMap divided the POI into 23 primary categories, 241 secondary categories, and 2,035 tertiary categories. In terms of the number of all primary categories of POIs in Beijing and Guangzhou, locations for shopping were the most (Fig. S9a). Beyond that, POIs for daily life service, food & beverages, workplace, and place name/address were dominant. The diversity index for a community based on the POI number and category was calculated by extracting POIs located in the community (Fig. S9b). The communities with rich POI diversity in Guangzhou were scattered in various districts, while the POI diversity of the communities in the urban area of Beijing was higher than that of other communities.
[image: ]
[bookmark: _q7v6nefju3zy]Fig. S8. Comparison between the average hourly staying population from mobile phone signaling data and the population extracted from WorldPop in Beijing. Staying populations (people who stayed in a community for 60 minutes) of the night time from 10 p.m. to 6 a.m. was hourly averaged. a, Linear regression between staying population and WorldPop-extracted population of communities in Beijing. b, Linear regression between the absolute value of the difference between these two types of populations and WorldPop-extracted population. Shaded regions represent 95% confidence intervals for the regressions.
[image: ]
Fig. S9. Number of POIs by category and POI diversity index for communities in Beijing and Guangzhou. a, The number of POIs for 23 primary categories. b, The diversity index for a community based on the POI number and category was calculated by extracting POIs located in the community.
Text S2: Constructing the SEIR model
A travel-network-based SEIR modeling framework [1] (https://github.com/wpgp/BEARmod), using human mobility data, was employed to estimate the COVID-19 spread in Guangzhou and Beijing, where the main parameters were determined in our study.
[bookmark: _Hlk106032054][bookmark: _Hlk112333124]Epidemiological characteristics of SARS-CoV-2 Delta variant infections in Guangdong, China, from May to June 2021, have been explored in another study [2]. The mean incubation period was estimated at 5.8 days (95% CI: 5.1–6.5). Owing to 99.8% (93.2–100.0) of transmissions occurring within four days after illness onset, we calculated the daily contact rate using the basic reproduction number (R0=4.9, 3.1–6.5) divided by 4, weighted by the relative level of daily contact based on Baidu movement data (Baidu-based weight, Table S4). Patients infected with the Delta variant maintained a high viral load from four days before illness onset, and the number of days from illness onset to isolation of the first case in Guangzhou was two. We then use the initial number of days from infectiousness onset to isolation equal to 6. Considering the 5-category vaccination status (i.e., unvaccinated, intermediate 1st dose, partially vaccinated, intermediate 2nd dose, fully vaccinated), the average effectiveness of vaccine against infection for the outbreak in Guangzhou was equal to 13.9% (-4.7–32.5) [3]. The start date of the SEIR model simulation was set to 13 May 2021, considering the first case with symptoms on 18 May 2021 and the mean incubation period of 5.8 days.
[bookmark: _Hlk111800022]In terms of the epidemiological parameters for the COVID-19 outbreak in Beijing's Xinfadi Market [4], the incubation period was assumed to have a mean of 5.2 days (4.1–7.0) [5]. Due to the high transmissibility during the first five days after illness onset [6], we calculated the daily contact rate using the basic reproduction number (R0=3.32, 1.4–3.9 [7]) divided by 5, weighted by the daily Baidu-based weight (Table S4). Infectiousness was apparent in an average of two to three days prior to the development of symptoms [8], and the duration from illness onset to isolation of the first case in Beijing was five days. Therefore, the initial lags from infectiousness onset to isolation were set to 7.5 days. The start date of simulation was set to 3 June 2020, due to that the first case went to the Xinfadi Market on that day.
[bookmark: _k8srq1b1pif4]For the outbreaks in Guangzhou and Beijing, we used time lags from the first day of infectiousness period to the date of isolation as the proxy of the infectious period. It was shortened with the implementation of large-scale nucleic acid testing that was used to infer the changing timeliness of case isolation across the outbreak (Table S5). A total of 73.3% of people demonstrated good compliance with face mask use during the COVID-19 pandemic [9], and the proportion of daily mask use changed during the transmission according to the daily Baidu search index, using “mask” as a search term (https://index.baidu.com/). Moreover, the probability of being infected for people with face masks was 1/1.44 (1/1.82–1/1.24) compared with that for people without masks [10]. The efficacy of wearing masks in reducing transmission could be computed according to the probability and the percentage of the wearing-mask populations [11].
The mean of many simulations (e.g., 500) using the SEIR model for the cumulative number of cases was regarded as the community-level infection risk, and affected communities were estimated during an outbreak by rounding up the infection risk. The indicators, sensitivity and specificity, were defined for depicting the spatial accuracy of the estimates by the constructed SEIR for the outbreaks in Guangzhou and Beijing (Table S6).





Table S4. Daily Baidu-based weight during COVID-19 outbreaks in Guangzhou and Beijing. Baidu-based weight was computed using the counts of travelers during the outbreak divided by the average level before the pandemic (1-21 January 2020), based on Baidu movement data.
	Guangzhou
	
	Beijing

	Date
	Baidu-based weight
	
	Date
	Baidu-based weight

	2021/5/21
	0.51
	
	2020/6/11
	0.50

	2021/5/22
	0.68
	
	2020/6/12
	0.61

	2021/5/23
	0.49
	
	2020/6/13
	0.37

	2021/5/24
	0.52
	
	2020/6/14
	0.39

	2021/5/25
	0.43
	
	2020/6/15
	0.34

	2021/5/26
	0.42
	
	2020/6/16
	0.33

	2021/5/27
	0.40
	
	2020/6/17
	0.37

	2021/5/28
	0.44
	
	2020/6/18
	0.51

	2021/5/29
	0.53
	
	2020/6/19
	0.35

	2021/5/30
	0.38
	
	2020/6/20
	0.25

	2021/5/31
	0.40
	
	2020/6/21
	0.26

	2021/6/1
	0.31
	
	2020/6/22
	0.19

	2021/6/2
	0.28
	
	2020/6/23
	0.24

	2021/6/3
	0.26
	
	2020/6/24
	0.25

	2021/6/4
	0.28
	
	2020/6/25
	0.31

	2021/6/5
	0.30
	
	2020/6/26
	0.32

	2021/6/6
	0.24
	
	2020/6/27
	0.20

	2021/6/7
	0.26
	
	2020/6/28
	0.23

	2021/6/8
	0.22
	
	2020/6/29
	0.24

	2021/6/9
	0.22
	
	2020/6/30
	0.26

	2021/6/10
	0.22
	
	2020/7/1
	0.25

	2021/6/11
	0.22
	
	2020/7/2
	0.29

	2021/6/12
	0.32
	
	2020/7/3
	0.34

	2021/6/13
	0.27
	
	2020/7/4
	0.23

	2021/6/14
	0.23
	
	2020/7/5
	0.25

	2021/6/15
	0.25
	
	
	

	2021/6/16
	0.23
	
	
	

	2021/6/17
	0.22
	
	
	

	2021/6/18
	0.24
	
	
	

















Table S5. Daily infectious period for COVID-19 outbreaks in Guangzhou and Beijing. The infectious period represents time lags from infectiousness onset to isolation. The implementation of large-scale nucleic acid testing was used to infer the changing timeliness of case isolation across the outbreak, and the minimum of the infectious period was two days.
	Guangzhou
	
	Beijing

	Date
	Infectious period (days)
	
	Date
	Infectious period (days)

	2021/5/20
	6
	
	2020/6/10
	7.5

	2021/5/21
	5
	
	2020/6/11
	6

	2021/5/22
	5
	
	2020/6/12
	5

	2021/5/23
	5
	
	2020/6/13
	5

	2021/5/24
	5
	
	2020/6/14
	5

	2021/5/25
	5
	
	2020/6/15
	5

	2021/5/26
	4
	
	2020/6/16
	5

	2021/5/27
	4
	
	2020/6/17
	4

	2021/5/28
	4
	
	2020/6/18
	4

	2021/5/29
	4
	
	2020/6/19
	4

	2021/5/30
	3
	
	2020/6/20
	4

	2021/5/31
	3
	
	2020/6/21
	4

	2021/6/1
	3
	
	2020/6/22
	4

	2021/6/2
	3
	
	2020/6/23
	3

	2021/6/3
	3
	
	2020/6/24
	3

	2021/6/4
	2
	
	2020/6/25
	3

	2021/6/5
	2
	
	2020/6/26
	2



Table S6. The confusion matrix for the classification of communities with and without cases between estimated and reported transmissions for COVID-19 outbreaks in Guangzhou and Beijing. The ratio of accurate estimates of affected communities over actual communities with cases was expressed as sensitivity, and the ratio of accurate estimates of communities without cases over actual communities with no cases was also defined as specificity. The number of estimated affected communities was presented as the mean of 500 simulations.
	City
	Estimated
Reported
	Affected communities
	Communities without COVID-19
	Total

	Guangzhou
	Affected communities
	13
	3
	16

	
	Communities without COVID-19
	12
	140
	152

	
	Total
	25
	143
	168

	
	
	Sensitivity: 0.81; Specificity:0.92

	Beijing
	Affected communities
	28
	24
	52

	
	Communities without COVID-19
	13
	266
	279

	
	Total
	41
	290
	331

	
	
	Sensitivity: 0.54; Specificity:0.95









[bookmark: _Hlk111791040]Text S3: Uncertainty of infection risk assessment
Community-level infection risks in each mobility-based sampling approach were estimated under various runs with different settings. A total of 50 runs were conducted for the HCI, where the exponential factor () of the POI diversity index was set to the values of [0, 0.02, ..., 0.98, 1]. With 48 runs tested for the HFI, the duration () was set to 48 values of [1, 2, …, 47, 48] to generate cumulative volume of hourly population flow based on the two-day mobility data before the stringent non-pharmaceutical interventions were implemented. In addition, because people might be infected or spread the disease before the implementation of strict travel restrictions and mass testing, multiple runs for CFI and CTI were tested using different selections of initial cases over time in Guangzhou and Beijing, respectively (Table S7). The SEIR also estimated community-level infection risk by the mean of 500 simulations, and we repeated the process 100 times to obtain SEIR-informed infection risks under 100 runs. For each sampling approach, the mean and 95% confidence interval were computed in terms of infection risks under many runs.

Table S7. Selection of initial cases from reported cases in different periods for the mobility-based case flow intensity (CFI) and case transmission intensity (CTI) sampling over time in Guangzhou and Beijing.
	City
	Mobility data
	Period of cases selected

	Guangzhou
	21–22 May 2021
	21–25 May 2021

	
	
	21–26 May 2021

	
	
	21–27 May 2021

	
	
	25 May 2021

	
	
	25–26 May 2021

	
	
	25–27 May 2021

	
	
	26–27 May 2021

	Beijing
	11–12 June 2020
	11–13 June 2020

	
	
	11–14 June 2020

	
	
	11–15 June 2020

	
	
	12–13 June 2020

	
	
	12–14 June 2020

	
	
	12–15 June 2020

	
	
	13–14 June 2020

	
	
	13–15 June 2020


[bookmark: _b6o1fg6t3enh]
Text S4: Two ways of determining sampled communities
[bookmark: _Hlk112333853]Taking the community in a city as the sampling unit, optimized spatial sampling approaches were achieved in two ways. Given sample size equal to , the first one was the deterministic way: community-level infection risk () was ranked from high to low, and the top  communities in terms of the highest  were selected as the sample. The second was a Poisson way [12]: a random number () was generated for each community, and the community was sampled with the random number less than the community’s probability which was given by , where  was the sum of  of all communities in a city. Under given sample size, sampled communities were the same in the deterministic way, while the sample in the Poisson way might differ each time due to the randomness.
Text S5: Sensitivity analyses for mobility scenarios and SEIR parameter combinations
[bookmark: _Hlk125646462]Performances of mobility-based spatial sampling were tested in simulated outbreaks under various mobility contributions. Figs. 2d and 2h showed the real-world inter-community mobility pattern in Guangzhou and Beijing, respectively. There were movements among most communities in Guangzhou, even between two communities far away across different districts, while inter-community movements in Beijing were mainly intra-district movements. On average, the people in one community went to 96.6% of Guangzhou’s communities in one day. The number of communities to which people went from one community accounts for 59.4% in Beijing (Fig. S3a). Under the same initial settings, simulated outbreaks affected a larger proportion of Guangzhou communities than in Beijing. The average performance of CFI and CTI was higher in Beijing for improving the efficiency of detecting infections (Fig. S2). We exchanged the inter-community mobility patterns of Beijing and Guangzhou to assess CFI and CTI under different spatial patterns of human movements. For instance, the human mobility pattern in Guangzhou was generated in terms of Beijing’s real-world mobility characteristics (Figs. S3b-3c). Using the constructed SEIR model based on simulated inter-community mobility data in a city, we generated epidemics under two R0 to assess CFI and CTI (Figs. S3d-3e). We found that the performances of CFI and CTI were superior for the outbreaks in Guangzhou, even for high-transmission scenarios (R0 = 9.5). In addition, CFI and CTI improved the efficiency of case identification for simulated outbreaks in Beijing, while their performances decreased for the scenarios with higher R0. 
We also assessed CFI and CTI in simulated outbreaks under various levels of population mobility in Guangzhou and Beijing (Fig. S4). The levels of population mobility changed for the top 20% of real-world inter-community flows within a city, and the change rates were 0%, 50%, 150%, and 200%, respectively. Based on the mobility data, by increasing/decreasing the volume of high-impact inter-community flows, SEIR simulated outbreaks with R0 equal to 4.9 in Guangzhou and 3.32 in Beijing. Overall, CFI and CTI outperformed SRS under different levels of flow volume, while their effectiveness decreased with increased mobility. Nevertheless, the reduction of the effectiveness of CFI and CTI was less when the mobility increased to a certain extent; for example, there was little difference for the flows increasing to 150% and 200%.
Mobility-based spatial sampling is an unsupervised method, and the estimated results mainly depend on the mobility data and the case data in the initial stage. The data from two cities were used in our study, but the proposed method can directly reveal the possible epidemic situation through the travel pattern in the early stage. A series of sensitivity analyses illustrated that the efficiency of detecting emerging infections could be improved effectively using the proposed method in the early stage for actual and simulated outbreaks under various mobility patterns.
CFI and CTI have been assessed by many simulated outbreaks, considering various initial locations of disease emergence, transmissibility, population density, and mobility-mediated spread within a city over time (Fig. 4). However, the SEIR model estimated the outbreaks using the same daily parameters. We further assessed CFI and CTI using SEIR with random combinations of R0, incubation period, and infectious period. Specifically, multiple candidates were produced for each parameter in terms of its maximum and minimum described in Text S1, that is, R0 changing daily from 1.4 to 6.5 (at 0.1 intervals), incubation period between 4.1 and 7, and infectious period based on mean and variance. The SEIR model randomly selected one from the range per day for each parameter. For simulated outbreaks under various initial source locations using SEIR with different parameter combinations, CFI and CTI could improve the efficiency of capturing infections. Their performances were better for outbreaks in Beijing than Guangzhou (Fig. S5).
Text S6: Incorporating spatial sampling into the SEIR for multi-round testing
[bookmark: _Hlk105235662][bookmark: _Hlk105234692]We incorporated spatial sampling into the SEIR to simulate disease transmission under multiple rounds of mass testing, where a baseline, simple random sampling (SRS), CFI, and CTI approaches were considered.
[bookmark: _Hlk114732544]First, the baseline approach of multi-round mass testing represented that daily testing resources were equally allocated to all communities within a city. It was achieved at the same contact rate for all communities, and the contact rate was consistent to that used for the constructed SEIR (Supplementary Note 1). Specifically, the contact rate on day  for each community was computed using R0 divided by the high-transmissibility period after illness onset (4 for Guangzhou and 5 for Beijing), weighted by the Baidu-based weight on day  (denoted by ). For the baseline, we expressed the contact rate on day  as , and used  to depict the level of daily testing resources in total for  communities.
[bookmark: _Hlk106308326]However, SRS, CFI, and CTI sampled a given number of communities per day, and allocated more resources to sampled communities than unsampled areas. Each community had the same probability of be sampled using the SRS, while a higher infection-risk community would have a greater probability of being sampled using the CFI or CTI. Supposing that  communities were sampled on day , the contact rate for sampled communities would be reduced compared to the baseline. The decline rate was equal to the reciprocal of time lags from exposure to contagiousness (), and the contact rate on day  was given by . The contact rate for unsampled communities was defined as . The sum of the contact rate for all communities was also , which guaranteed equivalent total testing resources for different approaches. 
Citywide screening for the real-world outbreak in Guangzhou was launched on the fifth day of the outbreak and covered all communities after 12 days. For the simulated disease transmission in Guangzhou and Beijing, we assumed that mass testing was conducted on the fifth day of an outbreak and last for 12 days. Moreover, 1/12 of all communities was sampled each day, which approximates the maximum of test capacity for Guangzhou (i.e., 8% [13]). Specifically, we firstly used SEIR to generate the epidemiological data of the first four days of an outbreak, and community-level infection risks were obtained using CFI and CTI based on mobility data for the first two days of an outbreak and initial cases. Second, using CFI and CTI to sample the communities based on the infection risks on the fifth day, and the SEIR model estimates the new infections on the day at communities with different contact rate. Then, the process was repeated per day, and a community might be sampled many times in 12-days mass testing. According to parameters in Supplementary Note 1, the number of time lags from exposure to contagiousness was 1.8 (1.1–2.5) for Guangzhou and 2.7 (1.6–4.5) for Beijing.
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